Near infrared tomography (NIR) is a novel imaging technique that can be used to reconstruct tissue optical properties from measurements of light propagation through tissue. More specifically NIR measurements over a range of wavelengths can be used to obtain internal images of physiologic parameters and these images can be used to detect and characterize breast tumour. To obtain good NIR measurements, it is essential to have good contact between the optical fibres and the breast which in-turn results in the deformation of the breast due to the soft plasticity of the tissue. In this work, a tissue deformation model of the female breast is presented that will account for the altered shape of the breast during clinical NIR measurements. Using a deformed model of a breast, simulated NIR data were generated and used to reconstruct images of tissue absorption and reduced scatter using several assumptions about the imaging domain. Using either a circular or irregular 2D geometry for image reconstruction produces good localization of the absorbing anomaly, but it leads to degradation of the image quality. By modifying the assumptions about the imaging domain to a 3D conical model, with the correct diameter at the plane of NIR measurement, significantly improves the quality of reconstructed images and helps reduce image artefacts. Finally, assuming a non-deformed breast shape for image reconstruction is shown to lead to poor quality images since the geometry of the breast is greatly altered, whereas using the correct deformed geometry produces the best images.
Introduction
Near infrared (NIR) tomography is an emerging alternative imaging method used to image physiologic parameters of biological tissue in vivo such as water and haemoglobin.
Measurements of light propagation (600-900 nm) within tissue can be used to map internal chromophore concentrations within tissue. Light is transmitted through tissue using multiple input and output locations on the surface of the region to be imaged, similar to a fanbeam x-ray computed tomography geometry, but using optical fibres for delivery and pick up of the light signals. The intensity and path-length distributions of the exiting photons provide information about the optical properties of the transilluminated tissue using a modelbased interpretation where photon propagation is simulated by diffusion theory. Using these techniques implemented in hardware and software, NIR optical tomography becomes an inherently three-dimensional imaging method and is used to reconstruct physiologically relevant chromophore distributions from the region under investigation (Eda et al 1999 , Fantini et al 1999 , Boas et al 2001 , Hebden et al 2001 , Pogue et al 2001 , McBride et al 2002 , Dehghani et al 2003a , 2003c . The main interest in this study lies in the ability to detect and characterize tumours within the female breast (Pogue et al 2001 , Brooksby et al 2003 . Since the absorption and scattering of light in tissue is a function of its optical properties, and hence its physiological state, the aim is to obtain images of internal optical absorption coefficient µ a , reduced scattering coefficient µ s ' and ultimately images of total haemoglobin and oxygen saturation distributions. These images should in principle provide information about the physiological state of the tissue under investigation and help identify and characterize tumours within the breast. However, in recent years it has become apparent that the external shape of the tissue can dramatically impact the quality of the reconstruction, and this is largely due to mismatch between the model prediction and the actual shape of the tissue boundary. In this study, a focused effort has been put forward to examine the extent to which external boundary changes will degrade image quality and, more importantly, how this could be corrected with appropriate model-based analysis.
To obtain clinical measurements with a sufficient signal-to-noise ratio, it is key to ensure that good contact exists between the optical fibres and the tissue. More specifically to our studies, the patient lies prone on the measurement bed, which contains a single opening for the breast. The breast is suspended freely through this opening, below which the optical fibres are brought into contact with the breast. Normally, the optical fibre arrangement consists of a total of 48 fibres, 16 fibres in three separate planes. However, for the purpose of this work only one plane of 16 fibres is considered. The fibres need to make full contact with the breast for a good and adequate NIR measurement.
The breast is a soft tissue, which will deform and alter its shape on the application of external pressure. The amount of deformation is a function of the tissue mechanical properties and the amount of displacement and the external pressure applied by the optical fibre array. In most image reconstruction algorithms, the general assumption is made that the region under investigation is a uniform circular (2D) or conical or cylindrical (3D) domain. Little work has been done to evaluate the effect of any incorrect geometry in image reconstruction. For simple symmetric geometries, for example a 3D cylinder, work has been described to accurately calibrate the data to account for 2D/3D mismatch (Hillman et al 2000) . More recently, work has been done with regard to neonatal head imaging that a slight change to the geometry model, both in terms of geometry and mesh, will result into large change in modelled data (Gibson et al 2003a) .
In this work, the effect of such assumptions is investigated by creating a deformation of the breast model in 3D to generate simulated clinical data. Images are then reconstructed using various assumptions regarding the imaging domain including a circular or irregular 2D models as well as a 3D conical shaped model and the non-deformed breast model to evaluate image quality. An important part of this modelling effort is the recent advances which have been made in modelling soft tissue deformation (Paulsen et al 1999 , Doyley et al 2000 , Van Houten et al 2000 . Beyond this, it is also becoming established that soft tissue elastic properties can be directly measured with elastography imaging in vivo, thereby providing the key information needed for predicting the deformation of tissue under force or displacement conditions. In this study, this displacement modelling was used along with the NIR tomography modelling to create a comprehensive three-dimensional prediction of how to approach appropriate modelling of deformed tissue that is being imaged with NIR tomography.
Theory

Breast deformation model
Soft tissues exhibit nonlinear elastic behaviour (Fung 1993) . Nevertheless, it can be considered a linear elastic material in situations where the deforming forces produce infinitesimal deformations (i.e. 5%) (Timoshenko and Goodier 1970) . For the purpose of this study, the breast was modelled as linear isotropic pseudo-incompressible (i.e. Poisson's ratio (ν) = 0.495 (Fung 1993) ). Under these assumptions and ignoring internal body force, the governing elasticity equations for quasi-static deformation are given by Timoshenko and Goodier (1970) and Fung (1993) 
for internal nodes in domain , and
for nodes on the boundary δ . Heren represents a unit vector directed outwards from , and h represents the traction on the surface or boundary of the breast. Note that u represents the displacement components in all coordinate directions, and µ and γ are Lame's elastic constants. For an isotropic medium these constants are related to the more familiar Young's modulus (E) and the Poisson's ratio (ν) by
The first Lame's elastic constant (i.e. µ) is generally known as shear modulus. It should be stated that in this study, the breast was assumed to be traction free (i.e. no other forces are associated) and internal body forces were neglected, thus the problem is solved by imposing a prescribed displacement (i.e. induced when the optical fibres are coupled to the breast) as described in Doyley et al (1999) .
Light propagation model
Under the assumption that scattering dominates absorption for NIR light in tissue, the Boltzmann transport equation can be simplified to the diffusion approximation, which in the frequency domain is given by
where q 0 (r, ω) is an isotropic source, (r, ω) is the photon fluence rate at position r and
is the diffusion coefficient. We use the Robin (Type III) boundary condition:
where α is a term which incorporates reflection as a result of refractive index mismatch , Dehghani et al 2003c at the boundary, andn is the outward pointing normal to the boundary (δ ) at γ . We assume that the data are represented by a nonlinear operator y D] , where our data y * are a complex vector having a real and imaginary components, which are mapped to log amplitude and phase shift in measurement. Then the image reconstruction method is posed as a solution to the following expression:
where · is the weighted L2-norm, representing the square root of the sum of the squared elements,μ a is a vector of the absorption coefficients andD is a vector of the diffusion coefficients. The magnitude of this is sometimes referred to as the projection error and provides a value for determining the convergence of the iterative reconstruction algorithm. In this study, a finite-element method (FEM) is used as a general and flexible method for solving the forward problem in arbitrary geometries (Arridge et al 1993 , Jiang et al 1996 . In the inverse problem, where the goal is to recover internal optical property distributions from boundary measurements, it is assumed that µ a (r) and D(r) are expressed in a basis with a limited number of dimensions (less than the dimension of the finite element system matrices). A number of different strategies for defining reconstruction bases are possible; in this paper a linear pixel basis (Schweiger and Arridge 1999 ) is used. To find (μ a ,D) in equation (6) we have used a Levenberg-Marquardt algorithm, where we repeatedly solve:
whereb is the data vector,
Here, ρ is the regularization factor and J is the Jacobian matrix for our model which is calculated using the Adjoint method , 2003c ).
Methods
Breast deformation
A volume mesh of a female breast of a volunteer was created from surface image data that was acquired using a 3D surface camera (Rainbow 3D Camera, Genex Technologies, Kensington MD). The 3D camera projects structural illumination patterns onto the object and calculates 3D surface profile described by over 300 000 data points (Geng 1996 , Galdino et al 2002 . A volume mesh is then generated using the Delaunay algorithm. The mesh has a geometry of 130 × 136 × 60 mm, figure 1(a), and contained 15 501 nodes corresponding to 61 171 linear tetrahedral elements. The diameter of the breast at its mid-plane where optical fibre array will be applied is approximately 88 mm. To calculate the deformation due to 16 equally spaced optical fibres being applied at the mid-plane of the breast, i.e. z = −30 mm, it is assumed that each optical fibre pushed the breast so that the final breast diameter at z = −30 mm is 70 mm, and that the diameter of each optical fibre is 6 mm. The modelled elastic properties of tissue, equation (3), were assumed as isotropic and homogenous with Young's modulus of 20 kPa (Krouskop et al 1998) and Poisson's ratio of 0.495 (Fung 1993) . Further, it was assumed that the topmost part of the mesh, i.e. z = 0 mm was not allowed to move since it is connected to the chest. Using this applied displacement as a boundary condition, the displacement at all nodes due to the application of the optical fibres was calculated and a deformed mesh was created, figure 1(b). 
Simulation of data from deformed breast
In order to accurately simulate the clinical settings, two localized anomaly regions were placed within the mid-plane of the normal breast, both at z = −30 mm, figure 2(a). First was an absorbing anomaly, 19 mm from the surface and a radius 10 mm with a coefficient value of 0.03 mm −1 . Second was a reduced scattering anomaly, also 19 mm from the surface but with a radius of 7.5 mm and a value of 3 mm −1 . These anomalies were chosen as they represent the size and contrast we aim to image and so that absorption and scatter separation can also be investigated. The background optical properties were modelled with an absorption coefficient of 0.01 mm −1 and a reduced scatter coefficient of 1.0 mm −1 . For the deformed breast model the same optical properties of the normal breast were assumed (the anomalies were also assumed to have the same elastic properties of the background). Once the deformation of the model was calculated, it was assumed that the anomalies were free to move, depending on the elastic properties of the breast, figure 2(b). It is interesting to note that the displacement of the anomalies is not so much dependent on the mesh density of the breast, but more dependent on the mechanical properties, applied pressure and non-symmetric nature of the breast.
Using the deformed mesh, together with the displaced anomalies, data were simulated for 16 equally circularly spaced optical fibres placed at z = −30 mm. Amplitude and phase data were simulated at 100 MHz, and 1% noise was added. These data were then used as simulated patient data in the following sections. In addition, to allow data calibration as done using clinical data, and discussed elsewhere (Dehghani et al 2003c , McBride et al 2003 , the data were simulated for 16 equally spaced optical fibres placed in a circle around the mid-plane of a 
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Figure 3. 2D simultaneous reconstruction of absorption and reduced scatter from deformed breast model simulated data. The mesh used for the reconstruction is a circular mesh whose diameter is the same as the optical fibre array diameter used to deform and simulate data NIR from the breast model.
non-deformable cylindrical model with a known homogenous background optical properties. The same calibration data file has been used for all presented reconstructions.
Image reconstruction using 2D meshes
Using the computed data for the deformed mesh and the reference phantom, as simulated measurements with 1% random noise added, the data were calibrated (Dehghani et al 2003c , McBride et al 2003 and images were reconstructed using two different 2D meshes. Assuming that the imaging domain was a circular domain with a radius equal to the radius of the optical fibre array, i.e. 35 mm, images were reconstructed and the results are shown in figure 3 . The circular mesh used contained 1785 nodes corresponding to 3418 linear triangular elements. For the reconstruction basis (basis used for the update of the optical parameters), a 20 × 20 regular grid (piecewise linear) was used and the initial regularization parameter was set to 100. Images shown here, and all following sections are at iteration level where the projection error was within 5% of the previous iteration. In the 2D reconstruction cases, this projection error was reached typically in the 7th iteration. It is evident from figure 1(b) that the breast at the plane of measurement, i.e. z = −30 mm, was no longer circular. In order to evaluate if a more correct a priori information regarding the 2D boundary at the plane of measurement would be useful, a 2D irregular mesh, with a boundary whose profile is the same as the boundary at z = −30 mm for the deformed mesh, was created and used for image reconstruction. The resulting images reconstructed on this mesh are shown in figure 4. The irregular mesh used contained 2405 nodes corresponding to 4619 linear triangular elements. For the reconstruction basis, a 20 × 20 regular grid was used and the initial regularization parameter was set to 100. Thus in this case, the irregular boundary was matched, but still the image reconstruction was approximated by a 2D forward solution.
Image reconstruction using 3D conical mesh
In the next section, we examined the improvement if a true 3D forward calculation was assumed, but with a regular geometry. In a previous work, it was hypothesized that given a set of 3D patient data, those images could be reconstructed with reasonable accuracy if the breast was assumed to be a conical shaped model (Dehghani et al 2003c) . To create a conical mesh, the information about the diameter of the measurement fibre array as well as the diameter of the breast at 20 mm above and 20 mm below the measurement plane was used, which would include all boundary information other than effects due to tissue bulging. Following this procedure, a conical shaped volume mesh was created, as shown in figure 5 , which shows the upper chest wall and the confined partial-conical breast shape as a regular geometry approximation to the circularly compressed breast shape. The mesh contained 9332 nodes corresponding to 42 281 linear tetrahedral elements and was created using NETGEN (Schoberl) . Using this mesh and the simulated data for the deformed breast mesh, images were reconstructed and the results are shown in figure 6 .
For the reconstruction basis, a 20 × 20 × 10 regular grid was used and the initial regularization parameter was set to 100. The images shown here and all through the following section are at iteration level where the projection error was within 5% of the previous iteration. These presented from the 3D cases are from the 14th iteration.
Image reconstruction using the normal and deformed breast mesh
Assuming that correct information regarding the breast is available, before the application of the optical fibre array, the normal, non-deformed mesh was used as shown in figure 1(a) , as the reconstruction mesh for the images shown in figure 7 . The reconstruction basis and parameters used were the same as for the conical model already described. Finally, to show the best possible reconstruction, the deformed mesh, figure 1(b) was used for reconstruction of images and these are shown in figure 8.
Results
The deformed breast mesh, as a result of applying a circular optical fibre array at z = 30 mm, is shown in figure 1(b) . It is evident that the mesh has been compressed at the plane of applied displacement with slight bulging in-between each optical fibre. The breast mesh has also extended in the z direction near the nipple to maintain a constant volume as the nodes on the chest wall are assumed fixed. Although the mechanical properties of the tissue are assumed constant, it is interesting to note that the modelled anomalies have also been displaced due to the deformation, figures 2(a) and (b). Both the anomalies have been reduced in diameter, but have extended in the z direction as a result of the applied deformation. Two-dimensional images reconstructed using the simulated deformed breast data are shown in figures 3 and 4. In both cases where a circular or an irregular boundary was used, good images were recovered in terms of localization of the absorption anomaly (within 1.2 mm for the circular model, and 2.0 mm for the irregular model). The recovery of the Reduced Scatter Figure 7 . 3D simultaneous reconstruction of absorption and reduced scatter from deformed breast model simulated data. The mesh used for the reconstruction is the mesh shown in figure 1(a) . The most right-hand slice is near the chest while the most left-hand slice is near the nipple.
reduced scattering anomaly was not as good as the absorption, and both sets of images contain large boundary artefacts. The background values of both the absorption and reduced scatter were close to the expected value, however, the target absorption value is less than 50% than expected. Three-dimensional images reconstructed assuming a conical shaped breast are shown in figure 6 . In that case, both the absorption and the scattering anomalies were recovered with good localization (within 2.00 mm for both the absorption and scattering objects) and with little boundary artefacts. Since the measured data were about the mid-plane of the breast, and the modelled cone geometry also had the optical fibres around its mid-plane, the objects recovered are centred at z = −30 mm. Here the background values of absorption and scatter were a little lower than expected values, however, the absorption anomaly had a maximum value of 0.014 mm −1 and the scattering object had a maximum value of 2 mm −1 . Images reconstructed using the assumption of correct non-deformed breast geometry are shown in figure 7 . In this case, although the absorbing anomaly has been reconstructed, the reduced scattering images contain large artefacts. The background absorption and scatter values are about 0.006 mm −1 and 0.5 mm −1 , respectively, while the maximum absorption for the anomaly is 0.014 mm −1 . Finally, images reconstructed assuming correct 3D deformed boundary are shown in figure 8. Here, both the absorbing and scattering regions have been recovered within less than 1.00 mm of expected location, giving great localization accuracy. There exists some cross talk between the absorbing and scattering anomalies. The background absorption and scatter values are about 0.01 mm −1 and 0.98 mm −1 , respectively, while the maximum absorption and scatter values for the anomaly is 0.013 mm −1 and 1.3 mm −1 , respectively. Reduced Scatter Figure 8 . 3D simultaneous reconstruction of absorption and reduced scatter from deformed breast model simulated data. The mesh used for the reconstruction is the mesh shown in figure 1(b) . The most right-hand slice is near the chest while the most left-hand slice is near the nipple.
Discussions
The deformation of the breast due to the application of 16 circular equally spaced optical fibres has been modelled using a computational mechanic model. Using this deformed model which also contains a single absorbing and a single scattering perturbations, data were simulated and 1% noise was added to more adequately represent clinical measurements. Using these simulated data, reconstructed images of absorption and reduced scatter were generated simultaneously using various different geometries of the mesh upon which the reconstruction would take place. In the first case, it was assumed that the model used for reconstruction was circular with a radius equal to the radius of the optical fibre array after breast compression, which was 35 mm. The reconstructed images have shown good accuracy in the localization of the absorbing object with a maximum absorption value of 0.014 mm −1 . The recovery of the scattering objects is much poorer than the absorbing anomaly, which can be attributed, perhaps, to its small size (15 mm diameter). There exist boundary artefacts in both the absorbing and scattering images. It is possible to improve the quality of the reconstructed 2D images by using several methods, including the use of various regularization parameters and/or use of a priori information. A good method to improve the reconstructed images in this case would be to segment the reconstructed images shown in figure 3 , and use these as a priori information to more accurately obtain quantitative results. The application of such algorithm is discussed elsewhere, and has been found to provide superior results (Srinivasan et al 2004) . In the case of knowing and using correct 2D boundary information in image reconstruction, figure 4, no useful improvement was seen. Although correct information was added to the reconstruction with regard to the boundary, the image reconstruction algorithm was still constrained to be 2D. While it has been shown many times that the 2D geometry can be used to recover accurate image data from NIR tomography with a circular boundary (Pogue and McBride 1999) , it is not surprising, perhaps, to find that this simplification does not continue to work as the exterior boundary becomes more complex in shape. The reconstruction mesh is no longer symmetric and contains many irregular edges, which gives rise to high frequency noise at the boundary, and those changes occur symmetrically around each optical fibre making the calculation even more dependent upon the 3D geometry out of the plane of imaging.
Next for the case where the imaging domain was assumed to be conical in shape, the reconstructed images were shown in figure 6. Here it was assumed that the mid-plane of the cone had a radius equal to the radius of the optical fibre array after breast compression. Further, it was assumed that the measurements of the diameter of the breast 20 mm above and 20 mm below the measurement plane were known. Using these data, a conical shaped mesh could be created for any patient exam as shown in figure 5. The reconstructed images had recovered both the absorbing and scattering anomalies with reasonable success. The calculated background values for absorption and scatter were 0.007 mm −1 and 0.94 mm −1 , respectively. There exists a small cross talk between the absorption and reduced scatter images, plus artefacts at the boundary of the images. The qualitative and quantitative accuracy of the conical shaped model reconstruction are better than the 2D circular case, simply because a more accurate 3D model, rather than a 2D model is used.
In the case where it is assumed that the exact breast geometry was known, but have ignored information regarding the compression due to the optical fibres, the resulting images are shown in figure 7 . Here, although the absorption anomaly was recovered with relatively good accuracy, the reduced scattering image contains a large artefact. Furthermore, the calculated background values for absorption and scatter are 0.006 mm −1 and 0.5 mm −1 , respectively, which are much lower than expected. These images are, perhaps, not as accurate and useful as the conical geometry case, since, although there is a more accurate 3D model, the diameter of the breast was not correct, particularly within the measurement plane, i.e. z = −30 mm. Finally, for the case of using a geometrically correct deformed mesh to reconstruct, the images are shown in figure 8 . Here, the reconstructed images of absorption and scatter were found with superior localization accuracy. The scattering object has also been recovered in this case. However, the quantitative accuracy of the recovered anomalies is not as good with maximum values for absorption and scattering objects of 0.013 mm −1 and 1.3 mm −1 , respectively. This low quantitative accuracy has been reported elsewhere and is a common problem in 3D NIR imaging algorithms , Gibson et al 2003b , which may be solved using of multistage reconstruction algorithms (Srinivasan et al 2004) or with inclusion of a priori data (Brooksby et al 2003) . Finally, using the correct model with correct information regarding the deformed boundary has produced images with very little or no artefacts.
Conclusions
In this work, we have presented a breast deformation model that would account for the change in shape and geometry of the breast due to the application of a circular array of optical fibres for NIR measurements. The proposed model, at present, assumes that the breast has homogenous mechanical properties, which, although not accurate, provide a good initial estimate for modelling of any deformation. Future studies may focus on using spatially distributed mechanical properties, as these can be imaged with good spatial resolution with MR elastography (Paulsen et al 1999 , Van Houten et al 2000 , Weaver et al 2001 , Doyley et al 2003 . Also, in this work, we have deformed the breast more than adequately needed by 19 mm, whereas in a real clinical setting, the deformation will be of lower magnitude, typically about 5-10 mm. In practice for our imaging exams, we currently attempt to deform the breast as minimally as possible, however, there are strategic benefits to compressing in that the signal transmitted can be higher, and there can be pressure-induced changes which might provide meaningful contrast about what the tissue is composed of (Jiang et al 2003) . Nevertheless we have chosen such a large deformation to provide us with a worst-case scenario for NIR image reconstruction, and to examine if it is feasible to exploit larger magnitude deformations in clinical studies while not compromising the integrity of the data collected from the breast.
Using simulated data from the deformed breast that also contains optical anomalies, we have reconstructed images assuming various reconstruction geometries. In the first case of assuming that the reconstruction mesh is either a circular or irregular 2D mesh, the reconstructed images have shown good accuracy in recovering the location of the absorbing anomaly. The 2D reconstructed scattering images are not as good as expected, which is perhaps due to the fact that the scattering object had a small diameter of 15 mm and a contrast which was three times the background, and thus the image being dominated by boundary artefacts. Also it is evident from the reconstructed images that there exist large boundary artefacts which are due to the incorrect model. However, both the quality and quantitative accuracy of 2D image reconstruction will be improved by the incorporation of a priori information as well as a multi-step image reconstruction where regions of interest can be identified and isolated for regional reconstruction.
In the case of 3D image reconstruction, assumptions regarding the breast not being deformed might be used and the reconstructed images provide relatively good absorption distributions, but the images contain large artefacts which will likely confound their interpretation. The reason for this can be explained by considering the overall shape of the breast before and after deformation. The non-deformed mesh at the plane of measurement has radius that is 19 mm larger than the deformed mesh. Additionally, as evident from figures 1(a) and 1(b), it is found that the breast expands above, below and between each optical fibre once compressed. This large change in shape of the breast contributes to the large artefacts seen within the reconstruction. However, if one assumes that the diameter of the breast is known within the measurement plane, as well as an approximate diameter above and below it, it is possible to create a pseudo-3D conical shaped mesh for image reconstruction. Images reconstructed using this 3D conical mesh have shown a better accuracy in recovering both the absorbing and scattering anomalies. Finally, if accurate knowledge regarding the breast deformation is available, images of optical properties can be reconstructed which localize both anomalies with great accuracy, and also contain little or no artefact which otherwise would arise from model mismatch.
The goal of this work is to incorporate this new model of breast deformation with more accurate information regarding the mechanical properties of the breast to improve the NIR image reconstruction. The mechanical property information is readily available from other imaging modalities, and the synthesis of this information may provide fundamentally new information about breast physiologic response to pressure, and/or breast pathology response to pressure. An accurate model of breast deformation should in principle allow us to create patient specific models and meshes, which would in-turn provide more clinically useful data. Work is in progress to validate and further improve the deformation model with application to the female breast imaging.
